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Abstract 
Modeling and simulation have been shown to be useful tools in many areas of the Healthcare operational management, field in 
which there is probably no area more dynamic and complex than hospital emergency departments (ED). This paper presents the 
results of an ongoing project that is being carried out by the Research Group in Individual Oriented Modeling (IoM) of the 
University Autonoma of Barcelona (UAB) with the participation of Hospital of Sabadell ED Staff Team. Its general objective is 
creating a simulator that, used as decision support system (DSS), aids the heads of the ED to make the best informed decisions 
possible. The defined ED model is a pure Agent-Based Model, formed entirely of the rules governing the behavior of the 
individual agents which populate the system. Two distinct types of agents have been identified, active and passive. Active agents 
represent human actors, meanwhile passive agents represent services and other reactive systems. The actions of agents and the 
communication between them will be represented using Moore state machines extended to include probabilistic transitions. The 
model also includes the environment in which agents move and interact. With the aim of verifying the proposed model an initial 
simulation has been created using NetLogo, an agent-based simulation environment well suited for modeling complex systems. 
Keywords: Healthcare operational management, agent-based modelling, individual oriented simulation, emergency department, decision support 
systems. 
1. Introduction
Healthcare is one of the most important services in modern civilization. In a hospital there are many complex,
independent, but interrelated departments [1]. The Emergency Department (ED) may well be one of the most 
complex and fluid healthcare systems that exists, consuming a large portion of economic budgets for health services. 
However, patients often feel neglected and that the service is saturated. The activity of ED is not linear, It varies 
depending on time, day of week and season. For this reason resource planning of ED is complex. The ability to 
simulate special situations such as seasonal increases in ED demand can be useful for the efficient use of resources. 
The simulation of complex systems is of considerable importance and is used in a broad spectrum of fields such 
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as engineering, biology, economy and health care. There are no standard models to describe these complex systems, 
but they share many common traits. Agent-Based Modeling (ABM) is an efficient and well utilized technique for 
simulating this kind of systems. Some of the advantages that offers are an increased detail in experiments based in 
simulation, a transparent learning process, and the ability to control and easily modify individual behavior. 
This paper presents the results of an ongoing project that is being carried out by the Research Group in Individual 
Oriented Modeling (IoM) of the University Autonoma of Barcelona (UAB), with the participation of the ED Staff 
Team of the Hospital of Sabadell. Its general objective is to develop a simulator that, used as decision support 
system (DSS), aids the administrators and heads of the ED to allow additional knowledge of patient admission 
scheduling, physician staff, resource optimization, and decreased patient waiting time, amongst other situations.  
Following Macal and North [2], and also making use of the considerable expertise existing within the IoM 
research group, a concrete and continuous development methodology has been devised for the construction of the 
tool, applying an iterative & spiral process. Each cycle involves 5 phases (system analysis; model design; simulator 
implementation; simulator execution and results analysis; simulator validation). Once an initial cycle is completed, 
based on the conclusions obtained during the analysis and validation phase, the model is updated and a new cycle is 
carried out. The process will be repeated until the objectives are achieved.  
Through the first cycle it has started the design of an Agent-Based Model for Hospital Emergency Departments, 
in which all rules within the model concern the agents, no higher level behavior is modeled. The System behavior 
emerges as a result of local level actions and interactions. This model describes the complex dynamics found in an 
ED, representing each individual and system as an individual agent. Two distinct kinds of agents have been 
identified, active and passive. Active agents represent the individuals involved in the ED, in this case all human 
actors, such as patients and ED Staff (admission staff, nurses, doctors, etc). Passive agents represent services and 
other reactive systems, such as the information technology (IT) infrastructure or services used for performing tests.  
State machines are used to represent the actions of each agent. This takes into consideration all the variables that 
are required to represent the many different states that such individual (a patient, a member of hospital staff, or any 
other role) may be in throughout the course of their time in a hospital emergency department. The change in these 
variables, invoked by an input from an external source, is modeled as a transition between states. The 
communication between individuals is modeled as the Inputs that agents receive and the Outputs they produce, both 
implicitly and explicitly. In order to control the agent interaction, the physical environment in which these agents 
interact also has to be modeled, being sufficient do it as a series of interconnected areas, such as admissions, triage 
box, the waiting room, or consultation suits.  
The remainder of this article is organized as follows; section 2 describes the related and previous work. The 
proposed emergency department model is detailed in section 3, while the results of an initial simulation are given in 
section 4. In section 5 the future work is pointed out. Finally, section 6 closes this paper with conclusions. 
2. Related and previous work 
The modeling and simulation of hospital emergency departments sits at the intersection of a number of distinct 
fields. In addition Agent-based techniques have been used in the modeling of healthcare operational management, 
but there are few pure agent-based models to be found in the literature that have been rigorously validated against 
their real world counterparts.  
Economics, biology, and social sciences are the three fields in which agent-based models are most utilized [3]. 
Modeling techniques using agents can bring the most benefit when applied to human systems where agents exhibit 
complex and stochastic behavior, the interaction between agents are heterogeneous and complex, and agent 
positions are not fixed [4]. In the particular case of social sciences ABMs are used in situations where human 
behavior cannot be predicted using classical methods such as qualitative or statistical analysis [5]. Human behavior 
is also modeled with ABMs in the fields of psychology [6] and epidemiology [7] amongst others. 
Agent technology is a useful tool when applied to healthcare applications. Previous works modeling healthcare 
systems have focused on patient scheduling under variable pathways and stochastic process durations [8], the 
selection of an optimal mix for patient admission in order to optimize resource usage and patient throughput [9]. 
Work has been performed using differing degrees of agent-based modeling for evaluating patient waiting times 
under the effects of different ED physician staffing schedules [10] or patient diversion strategies [11].  
The proposal of the project addresses many of the issues surrounding the modeling and simulation of a hospital 
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emergency department using agent-based technologies. In an attempt to understand micro level behavior, the basic 
rules governing the actions of the individual agents are defined. The macro level behavior, which means the system 
as a whole, emerges as a result of the actions of these basic building blocks, from which can be derived an 
understanding of the reasons of the behavior at the system level[12].  
Comparing the general objectives of the Project presented in this paper with the previous works, two potential 
improvements may be underlined. In one hand the generality of the model, which means the possibility of applying 
the model and the tool in different Hospital ED, after adjustments of the configuration parameters achieved through 
the tuning process that will be described after. In the other hand the variety and typology of agents are richer. The 
variety of patients in this model is higher and closer to the reality than the models found in the previous works. In 
addition the model includes ED Staff (admission staff, sanitarian technicians) and devices (Information System 
Infrastructure, radiology services, laboratory tests, etc) that aren't considered in the consulted works, and finally it 
takes into account different levels of expertise in the ED Staff. Undoubtedly all these elements may affect the length 
of stay of patients in the emergency department.    
3. Emergency department model 
The Emergency Department model defined in this work is a pure Agent-Based Model, formed entirely of the 
rules governing the behavior of the individual agents which populate the system. Through the information obtained 
during interviews carried out with ED staff at the Hospital of Mataro (a hospital of medium size) and the Hospital of 
Sabadell (one of large size), two kinds of agents have been identified; these are active and passive agents. The active 
agents represent people and other entities that act upon their own initiative: 1) patients; 2) relatives of patients (who 
have a special relevance in dependent patients like kids, elderly, etc.); 3) admission staff (who receive patients just 
when they arrive to the Emergency Department); 4) sanitarian technicians (who help certain patients to move from 
one place to another of the ED); 5) triage and emergency nurses (the former receive patients after their admission 
for establishing their priority level. The second involved in the diagnosis and treatment phase); 6) and doctors (of 
two kinds, staff emergency doctors and medical specialties consultants).   
The passive agents represent systems that are solely reactive, such as the loudspeaker system, patient information 
system, pneumatic pipes, and central diagnostic services (radiology service and laboratories). This section is 
dedicated to describe the various components of the general model in detail. Section 3.1 explains the manner in 
which active agents are modeled. Passive agents are discussed in section 3.2. The communication model is defined 
in section 3.3. Finally in section 3.4 the details of the environment where the agents move and interact are outlined. 
3.1 Active Agents 
Active agents are described by state machines, specifically Moore machines. A Moore machine has an output for 
each state; transitions between states are specified by the input. The current state of an active agent is represented by 
a collection of “state variables”, known as the state vector (T). Each unique combination of values for these 
variables defines a distinct state. As described below, in each time step the state machine moves to the next state as 
defined by the current state and the input vector. 
3.1.1 State variables 
In order for the state machine works, all state variables must be enumerable in some manner. This may be 
discrete variables or variables representing continuous quantities which have been divided into ranges.  As shown 
Table 1, an initial set of state variables has been defined through the round of interviews performed, based on the 
minimum amount of information required to model each patient and member of staff.  Such initial set of state 
variables are:  
 Name/identifier: for identifying each individual 
 Personal details: this variable collects the information of the individual that is relevant in relation with his stay 
in the ED, such as age, medical history, origin, etc. 
 Location: the area of the ED where the individual currently is. The kind of active agents (specifically the ED 
Staff) who may stay in it and also the kind of interactions that may occur are different in each ED area. 
  Action: what the individual is doing in a particular state. The actions will be different depending on the agent 
and the place where such agent is. Actions normally have a duration, and thus will influence the total length of 
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the patient's stay in the Emergency Department.  
 Physical condition: variable used to collect the information that let ED Staff to identify the patient’s disease. 
Obviously this variable only makes sense for the agent "patient".  
 Symptoms: Information reported by the patient, and classified by ED staff following the Canadian relevant 
triage and acuity scale. The priority level with which the patient must be attended will be identified through 
the information collected in this variable. 
 Communication skills: the time spent during the process depends on the agent’s ability to communicate. This 
variable makes sense for both, patients and ED staff.  
 Level of experience: that only makes sense for ED Staff. The processing time required by the Staff to complete 
his tasks will depend on his/her experience.   
Table 1. Initial selection of state variables and their values 
Variables Values 
Name/identifier <id> Unique per agent 
Location <location> Entrance; admissions; waiting room; triage box; Consultancy Room; Treatment Box; ... 
Action Idle; requesting information from <id>; giving information to <id>; searching; moving to <location>  
Physical condition Hemodynamic-constant; Bartel index (sample) 
Symptoms Healthy; cardiac/respiratory arrest; severe/moderate trauma; headache; vomiting; diarrhoea; (sample)...  
Communication skills Low; medium; high 
Level of experience (ED Staff) None; Low; medium; high. 
Some of the state variables will have a potentially very large set of possible values, e.g. the symptoms or physical 
condition. Both the variables and their possible values must be improved in future work.    
3.1.2 Inputs, outputs & state transitions  
Upon each time step the state machine moves to the next state. This may be another state or the same one it was 
in before the transition. The next state the machine takes is dependent on the input during that state. The input may 
be more accurately described as an input vector (I) that contains a number of input variables, each one of which may 
take a number of different values. As this is a Moore machine, the output depends only on the state, so each state has 
its own output, although various states may have outputs that are identical. Again, the output is more accurately 
described as an output vector (O), a collection of output variables, each with a number of defined possible values. 
Transitions between states are dependent on the current state at time t (St) and the input at time t (It).  
 
 
 
 
 
                                                                           Fig. 1. (a) State transition graph; (b) State transition table 
The state machine will be in a new state (St+1) following the transition. The state machine can be represented as 
a diagram (shown in figure 1 (a)), but also in form of a state transition table, as shown in figure 1 (b), where each 
row represents a unique state input combination, showing the output and the state in the next time step (defined by 
the current state and the input). 
3.1.3 Probabilistic state transitions 
In dynamic and complex systems such as EDs, there exists the necessity of a model not entirely deterministic. In 
these cases a state machine can be modeled with more than one possible next state given a current state and input 
combination. Which transition is made is chosen randomly at the time of the transition; weights on each transition 
provide a means for specifying transitions that are more or less likely for a given individual. Each one of the input 
Current state / 
Output 
Input Next state / 
Output 
S0 / O0 I0 Si / Oi 
S0 / O0 I1 Sj / Oj 
S0 / O0 I2 Sk / Ok 
…. …. …. 
Sx / Ox I0 Sy / Oy 
Sx / Ox I1 Sz / Oz 
…. …. …. 
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variable of the input vector (I) may take a number of different values. In these cases the state transition table is 
defined with probabilities on the “effect” of the input, as shown in figure 2(b). An agent in state SX receiving input Ia 
may move to either state Sy, state Sz, or remain in the same state, with a probability of p1, p2, and p3 respectively. 
One of these transitions will always occur, which is to say p1 + p2 + p3 = 1. The state diagram would then have three 
different transitions for the “current state-input” combination of this specific example, as shown in figure 2(a).  
 
 
 
 
 
Fig. 2. (a) Probabilistic state transition graph; (b) Probabilistic state transition table 
The exact probabilities may be different for each agent, in this way agent behavior can be probabilistically 
defined external to their state, representing personality characteristics in different people. 
3.2 Passive agents 
Passive agents represent services within the hospital system such as the IT infrastructure (that allows to store 
patient details), radiology services and other laboratory tests as well as specialist systems such as the pneumatic tube 
networks that some larger hospitals use to quickly transfer samples from one part of a building to another.  
In some of this kind of agents the state machine will be a simple system for interacting with active agents. The 
model is not, however, purely a state machine. In order to represent data storage or other systems that may have a 
very large number of combinational states a simple memory model will be used. A passive agent may (although it is 
not necessary) have a simple record based memory system, allowing it to store and repeat information provided by 
active agents.  
3.3 Communication model  
The interaction between agents is carried out through communication. Such communication is modeled as the 
Input that agents receive and the Outputs that they produce. Both, Inputs and Outputs may be explicit and implicit.     
The communication model represents three basic types of communication: 1) 1-to-1, between two individuals (the 
message has a single source and a single destination, as happens between admission staff and patient, during the 
admission process); 2) 1-to-n, representing an individual addressing to a group (like a doctor giving information to 
patient and nurses during the diagnostic process); 3) and 1-to-location, when an individual speaks to all occupants 
of a specific area (for instance when any staff member uses the speaker system to address a message to all the 
people who are in a specific waiting room).  
Implicit or passive communication also exists, where an agent may be producing communication just be 
remaining in a certain area. This is the manner in which agent vision, what each agent sees, can be represented using 
the same model. An agent is continuously emitting messages with regard to its visible physical status and location, 
other agents receive these 1-to-location messages and may act upon them in certain circumstances. For instance an 
agent waiting for another agent in a certain area will receive communication that the agent has entered and act upon 
it, representing, for instance, a nurse seeing a patient enter a triage room and attending them.  
Messages are divided in three parts. The message source is the individual who is communicating, speaking in 
many cases. The message destination would then be to whomever this individual is speaking to, and thirdly the 
content, what is being said. These three parts make up the message tuple (<src>, <dst>, <content>). In the case of a 
1-to-location message, the destination of the message is an entire location, so the content may need to include the 
actual indented recipient of the message (for example a patient’s name being called over the loudspeaker system).      
3.4 Environment  
All actions and interactions modeled take place within certain locations, collectively known as the environment. 
The environment itself can be defined in two different levels depending on the positional precision required of the 
model: at a low or high granularity scale. The former implies to divide the space into a few general areas, where all 
Current state / Output Input Next state / Output 
-- -- -- 
Sx / Ox Ia(p1) Sy / Oy 
Sx / Ox 
Sx / Ox 
-- 
Ia(p2) 
Ia(p3) 
-- 
Sz / Oz 
Sx / Ox 
-- 
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agents in the same area may freely interact. The second requires more precise positioning, using physical Cartesian 
co-ordinates. In the specific case of the Emergency Department it is enough use a low granularity positioning scale, 
although it is important to represent distances between distinct areas, to correctly model travel times from one area 
to another.     
The different areas identified through the information obtained during the interviews carried out are: Admissions 
(where patients have to address just when they arrive to the ED, and Admission Staff register their arrival); Triage 
Box (where a “triage nurse” receives the patient, takes his/her vital signals and obtains some additional information 
in order to identify the priority level); Waiting Room (where patients and their companions wait for being triaged, 
and once they have past the triage process, until be called to enter the treatment zone); diagnostic and treatment zone 
(where Doctors, nurses and other ED Staff carry out the diagnostic and treatment process with patients). Figure 3 
shows a representation of topographical distribution of the Emergency Department. 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Simplified emergency department layout 
The environment in which the agents move and interact is passive and discrete. There is little distinction made 
between agents in the same location. A patient in the waiting room does not have any more specific sense of 
position than they are in the waiting room. Certain locations may be physically distinct, but functionally identical, 
for instance there are usually a number of triage rooms, an agent in any one of these will act as if they are in any 
triage room, however they Simplified ED layout are distinct in order to represent that each available room may only 
be used by one nurse-patient group at a time. The environment also contains representations of the relative distances 
between different discrete locations. 
4. Initial simulation 
 
With the aim of verifying the proposed model designed in the first cycle, an initial simulation has been created 
using the agent-based simulation environment NetLogo [13], a high level platform particularly well suited for 
modeling complex systems developing over time [14]. NetLogo lets modelers give instructions to hundreds or 
thousands of independent agents, all operating concurrently, what makes possible to explore connection between the 
micro-level behavior of individuals and the macro-level patterns that emerge from the interaction of many 
individuals. NetLogo also allows visualizations of agent actions and interactions, a very important aspect 
considering that a primary use of the tool is to garner feedback from the staff who works in ED.  
The scenario adopted for this initial experiment is to simulate patients moving through a simplified Emergency 
Department that includes four primary areas: admissions, triage (with a maximum of 3 boxes), 2 waiting rooms (one 
for patients before triage, and the second for patients who have passed the triage process, and are waiting for 
treatment), and the diagnosis and treatment area (that include four boxes). The types of active agents represented in 
this simulation are patients, admission staff (AS), triage nurses (TN), and doctors (D). In the case of the ED Staff, 
two distinct levels of experience have been considered (low, labeled as junior, and high, labeled as senior). Less 
experienced staff will need more time to carry out his/her part of the process than the most experienced one. Such 
time is internally set by modeler through the programming language, but the user can define easily both, the number 
of each type of ED staff and their level of experience using a “console of configuration”. With the purpose of 
making a preliminary demonstration of how accurate a simulation can be produced using only reduced parameters, a 
simplified set of patient attributes and a less complicated patient flow have been defined. Patient arrives to the 
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Emergency Department by their own means, and waits to be attended in the Admission Zone. Once the admission 
process has been carried out, the patient stays in a first Waiting Room (WR) until he is called by triage nurse. After 
the triage process patient goes to a different WR and stays there until a doctor is free and calls him to start the 
process of diagnosis and treatment. Once such process is completed, the patient leaves the ED. Therefore patients 
are shown following the same path through the ED, even though in reality they are treated differently depending on 
the level of severity of their condition. The time spent at treatment stage may also represent laboratory tests, which 
are not shown explicitly. In the real system the arrival of patients to the ED vary depending on time, day of week 
and season, but in this experiment a constant pattern has been considered due to the unavailability of detailed data of 
the real system. This means that the patient arrives to the ED after a certain time step which can be easily defined by 
user through the “console of configuration” mentioned above. Figure 4 shows a static view of the user interface.  
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4. Simulation display in Netlogo 
     Netlogo stores information about all what happens during the running, and lets modeler to create reports with all 
kind of information which can be exported and treated with statistical and data mining tools. In this initial 
experiment the report has been designed for including information about the number of patients that have arrived to 
the ED during the running, the amount of patients that have completed the process, and the time that each patient 
have spent in each one of the ED zones (absolute values, mean, minimum, maximum and standard error).  
In order to analyze the behavior of the simulator in front of the variables that have influence in the ED, the 
simulation has been executed several times for the equivalent to one day of activity. In a first exercise the amount of 
patients who arrive to the ED has been changed, maintaining invariable the mix of ED Staff (1 AS, 2 TN and 4 D, 
all of them with a Junior profile). Table 2 shows the results obtained. As expected, an increase in the probability of 
patient's arrival causes an increase of the number of patients who arrive to the ED. Due to the resources don't 
change, the system becomes saturated (gradual increase of the average time spent in the service, of the waiting times 
at the WR1 and WR2, and of the number of patients waiting to be attended at the end of execution). In the first 2 
cases (20% and 40% of probability) patients are attended without doing any queue and there are idle resources (staff 
members who do not attend to any patient during the execution). In the third case it starts to generate some waiting 
time, although it is insignificant. By contrast, for a patient’s arrival probability of the 80%, the average waiting time 
in WR1 is nearly an hour, and 2.44 in WR2, and there is a significant number of patients who remain in the Waiting  
Table 2. Results obtained with a invariable mix of ED Staff, for a increasing arrival of patients  
 20% 40% 60% 80% 
A-Total patients arrived to the ED 93 190 284 397 
B-Total patients who completed the process during the running 90 184 271 270 
             For patients who have completed the process     
C-Average of total time of stay in ED (in hours) 0,54  0,54  1,08  3,95  
D-Average of total time of stay in WR 1 (in hours) 0,00  0,00  0,04  0,98  
E-Average of total time of stay in WR 2 (in hours) 0,00  0,00  0,52  2,44  
F-Patients in WR1 when execution finalize 0 0 1 46 
G-Patients in WR2 when execution finalize 0 0 8 74 
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Room without being treated at the end of the execution.   
A second exercise has been carried out for analyzing the effects caused by the change in the level of experience 
of ED staff over the throughput of the system. To do this both the probability of patient’s arrival (80%) and the 
number of ED staff (1 AS, 1 TN and 2 D) have been kept invariable, and a total of 12 executions have been done, 
one for each of the possible combinations by changing the level of experience. The results are shown in table 3. First 
column identifies the execution, the following 6 columns inform of the experience of the ED staffs, and the last 7 
columns (A to G) correspond to the results, using the same kind of information detailed in the first column of Table 
2 (A-patients who arrived to the ED; B- patients who completed the process during the execution; etc.).  
Table 3. Results obtained with a variable experience of ED Staff, for an invariable arrival of patients  
 
 Jr Sr Jr Sr Jr Sr A B C D E F G 
1 1  1  2  397 135 7,8 4,83 2,45 222 37 
2 1  1  1 1 411 157 7,35 5,94 0,93 236 14 
3 1  1   2 384 172 6,71 6,27 0 209 0 
4 1   1 2  404 136 8,26 2,72 5,4 160 105 
5 1   1 1 1 394 159 7,29 2,9 3,96 129 82 
6 1   1  2 409 182 6,82 3,55 2,87 165 59 
7  1 1  2  400 135 8,17 5,21 2,44 225 38 
8  1 1  1 1 382 157 7,06 5,67 0,93 207 14 
9  1 1   2 397 172 6,95 6,49 0 222 0 
10  1  1 2  420 136 8,38 2,85 5,06 176 105 
11  1  1 1 1 389 159 7,33 2,94 3,96 145 82 
12  1  1  2 404 182 6,52 3,27 2,87 160 59 
Considering the total number of patients and the time of stay in the ED, the combination of worse outcomes is 
that in which all staff have a junior profile (execution 1, with a total of 135 patients attended, and an average time of 
stay in the service of 7.8 hours) and the best one is that in which all the staff have a senior profile (execution 12, 
with 182 patients and 6.52 hours), representing an increase 37% of treated patients and a 16.02% reduction in the 
attention time. A special mention has the execution number 6, which provides results very similar to the best one (it 
equals the number of patients, although the total time is 18 minutes bigger). Analysis of the data also lets conclude 
that the system is more sensitive to changes in the doctors’ experience that in the rest of the ED staff. Finally, to 
reduce the average waiting time and the number of patients staying in the WR1, should improve the experience of 
triage nurses, without changing of the admissions staff. The same goes for the WR2, but in this case improving the 
experience of doctors without altering the experience of the triage nurses.  
A final experiment has been done for analyzing the effects caused by the change in the amount of ED staff over 
the throughput of the system. In this case the level of experience of ED staff keeps invariable (1 AS, 1 TN and 2 D). 
A total of 11 executions have been done, one for each of the possible combinations by changing the number of staff 
members, having into account that the staff number in one ED area should be equal or bigger that the number in the 
previous area. Results are shown in table 4, whose structure is similar than table 3. The worst combination is the 
execution with the lowest number of professionals (execution 1, with a total of 135 patients attended and an average 
time of 7.8 hours) and the best one is that with the maximum number of staff members (execution 11, with 271 
patients and 3.8 hours). The increase of 5 professionals (1 AS, 2 TN and 2 D), generates a 100% increase in the 
number of treated patients, and a 51.28% reduction in the average time of stay. Due to the relative increase is higher 
in the staff of triage area, the results improve in WR1 (waiting time is zero, and there are no patient at the end of 
execution), but worse in the WR2 (number of patients waiting increase from 37 to 128, and the average waiting time 
from 2.45 hours to 3.27).  
     Executions 2 and 7 give similar results to those obtained in the 1, but using a bigger number of professionals. In 
the executions 4, 6 and 9 the number of treated patients are the same that in the execution 11, but using fewer 
professionals. However the average time of stay in the ED is higher (9 minutes in executions 4 and 9, and 32 
minutes in the implementation 6). Considering these results, and the saving of resources, it can be concluded that the 
execution 4 is the most optimal combination of the 11.  
AS TN D 
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Table 4. Results obtained with a variable number of ED Staff, for a invariable arrival of patients  
 AS TN D A B C D E F G 
1 1 1 2 397 135 7,8 4,8 2,5 222 37 
2 1 2 2 399 135 8,2 0,7 7 48 212 
3 1 2 3 398 203 5,8 0,6 4,7 48 143 
4 1 2 4 397 271 4 1 2,4 46 75 
5 1 3 3 397 203 6,1 0 5,6 0 188 
6 1 3 4 406 271 4,3 0 3,8 0 128 
7 2 2 2 382 135 7,6 0,3 6,8 36 207 
8 2 2 3 404 203 6,3 1 4,7 53 143 
9 2 2 4 390 271 4 1 2,4 40 77 
10 2 3 3 389 203 5,7 0 5,2 0 181 
11 2 3 4 406 271 3,8 0 3,3 1 128 
     Considering the results obtained in the 3 experiments, it can be concluded that the gradual increase in the number 
of ED staff and the improving of their experience cause a gradual growth in the number of patients treated. In 
addition, to minimize waiting times in the different WR, it is important a balanced distribution of both, the number 
of different kinds of ED staff, and their level of experience. So staff shortages can be partly solved involving staff of 
higher experience. These results can’t be compared with the real system because the data of such system were not 
available yet in the moment of writing this paper. Although there is further validation to be performed, these initial 
experiments show very promising results about its usefulness to support the decision making process.  
5. Future work 
     Following the iterative & spiral process discussed in the introduction, after this first cycle, the work will continue 
with the purpose of improving the model and the simulation, applying assimilation techniques for that. The second 
cycle of the project has just begun while this paper was being written. In it has been incorporated the variety of 
patients with diseases that must be treated with a different priority level, and also with a distinct "diagnosis and 
treatment process". The admission and triage phases of the first cycle reflect in a proper way the behaviour of the 
real system. However, the phase of diagnosis and treatment must be improved substantially. Without being the final 
version, in this second cycle will start such improvement. In particular new ED staff (nurses and sanitarian 
technicians) and other changes concerning to how the process takes place are incorporated.  
     After being called, the patient will enter to the assigned "Treatment Box", in which will remain until the process 
is completed. ED Staff will move to the proper Box when the patient should be attended. There are some tests, such 
as X-ray tests, which involve a shift of patients to the area where are located the devices needed for their realization. 
In this second cycle the simulation will not display such movement, neither the interactions that take place during 
the realization of the test, but the tool will take into account the estimated time needed to complete the process 
through an internal variable. The changes described cause a readjustment in the distribution of the "diagnosis and 
treatment zone" (increase of the number of "treatment boxes"; inclusion of a medical area where doctors and nurses 
will stay during idle time). With these improvements the time that patients remain in the "diagnosis and treatment 
zone" incorporates both, the time required for the interaction with doctors and nurses, and the time needed for 
carrying out the tests that must be practiced according to the patient's specific pathology. As a result, the simulation 
realism increases.  
     In the next cycles new agents and state variables will be included gradually, those whose inclusion causes a 
significant improvement in the behaviour of the simulator, comparing it with the real system. After this, the 
simulator will be tuned with a specific Hospital (real system) through data assimilation techniques. Input data from 
such Hospital (time and number of patients' arrival, number and kind of ED Staff, etc) will be introduced in the 
simulator, and parallel simulations with different parameters will be performed in order to make the proper 
adjustments, based on the comparison of the results obtained in such simulations with output data from real system. 
Results obtained concerning to time of stay of patients in each part of the ED, number of patients treated, etc, will be 
compared in order to identify if the similarity between them (simulator and real system) achieves the requested 
level. The parameters of the simulation that let to achieve the best similarity level will be selected and incorporated 
to the simulator. Once this has been done, its predictive power will be tested using again data from the Hospital, this 
time corresponding to a different moment. Once more, results obtained through the simulation will be compared 
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with data from real system for identifying its similarity level and if the predictive ability of the simulator achieves 
the proper degree. In case that so be it the simulator will be used as DSS, with the objective of answering “what if...” 
questions for aiding healthcare managers to make the best informed decisions possible. The simulator will let to 
divine what will happen to the system as a whole if one or more changes are made to the parameters that define it. 
Before to use the simulator as DSS in a different Hospital ED the tuning process described above should be 
carried out (obviously with data from such Hospital) in order to ensure its proper adjustment and its predictive 
ability in relation to this specific Hospital. This readjustment process lets to achieve the generality of the tool. 
The distribution pattern of patients’ arrival to the ED varies depending on time, day of week and season. For this 
reason, and having into account the objectives of the project, is desirable to run simulations for an annual period of 
time. In addition, as a result of the potential number of individuals and also the number of states in the state machine 
of each individual, a great amount of values should be computed. Considering also the parallel simulations that will 
have to be performed during the tuning process, High Performance Computing will have to be used. 
6. Conclusions 
A concrete example of an Agent-Based Model for Hospital Emergency Departments has been presented, which 
represents a hospital ED following system analysis performed at a number of different hospitals, under the advice of 
healthcare professionals with many years of experience. The model uses state machine based agents which act and 
communicate within a defined environment, providing the ability to study the dynamic of complex systems without 
the difficulty of obtaining exhaustive system descriptions required by other modeling paradigms. An initial 
simulation has been created in order to verify the validity of the model.  
Future improvements of the model will be carried out in initial stages adding gradually new agents and state 
variables. In the next stages parallel simulations with different parameters will be performed, and after comparing 
data from simulation and real system, adjustments in the model will be made in order to achieve both, a proper 
similarity level, and an enough predictive power of the simulator. This will require applying parallelization 
techniques and High Performance Computing.  
From this point, the simulation will be able to be used as the core component of a decision support system to aid 
hospital administrators make better use of resources, achieving a more efficient and improved patient care cycle. 
This in turn will allow better management of dynamic patient flow, either as a result of specific circumstances or 
seasonal fluctuation. 
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